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(57) ABSTRACT 

The present disclosure provides a method to alloW a user to 
pre-screen numerous crystallization conditions in the crystal 
liZation space to identify those conditions With the highest 
probability of yielding crystals and high quality diffracting 
crystals. In one embodiment, the dilute solution thermody 
namic virial coef?cient, termed B, is used to aid in the deter 
mination crystallization conditions that increase the probabil 
ity of producing crystals for the crystallant of interest. The 
present disclosure also provide methods for predicting solu 
tion conditions that generate bene?cial solubility and/ or sta 
bility conditions for a polypeptide of interest using the B 
parameter. Devices for use in the described methods are also 
described. 
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METHOD FOR DETERMINING 
CRYSTALLIZATION PARAMETERS AND 
APPARATUS FOR USE WITH THE SAME 

[0001] This application is a continuation-in-part of Inter 
national Application No. PCT/US2006/018102, ?led May 
10, 2006, Which claims the bene?t ofU.S. Provisional Appli 
cation No. 60/679,495, ?led May 10, 2005. 

FIELD OF THE DISCLOSURE 

[0002] The present disclosure relates to the ?eld of crystal 
lography and protein solubility and stability. In particular the 
present disclosure relates to a method for determining at least 
one crystallization condition for polypeptide or other crystal 
lant of interest or at least one solution condition that yield 
bene?cial solubility or stability conditions for a polypeptide 
of interest and an apparatus for automation of the method. 

BACKGROUND 

[0003] Protein crystallization, Whether for aqueous or 
membrane proteins, is a major bottleneck limiting determi 
nation of protein structure. A recent international survey of 
protein crystallization rates at 22 structural genomics centers 
around the World indicated that for 10,204 soluble proteins 
obtained, crystals Were obtained for only 3,397 proteins. Of 
these 3,397 crystals, only 1,669 Were of diffraction quality 
and a mere 1,352 structures Were solved. 

[0004] Several problems contribute to the loW success rate 
described above for producing diffraction quality crystals. 
One involves the production of suf?cient amounts of puri?ed 
protein to be used in numerous crystallization experiments. 
Therefore, there is a need in the art for a method and apparatus 
to perform crystallization procedures using small amounts of 
protein. Second, is the ability to ?nd the correct set of crys 
tallization conditions for a particular protein. There are a huge 
number of variables that impact the crystallization process for 
a given protein. These factors include, but are not limited to: 
protein purity, protein dilution, protein homogeneity, protein 
stability, the ?exibility of the protein itself, the selection of 
precipitating agent, the selection of buffer, the selection of 
pH, the selection of temperature, light, magnetism, gravity, 
atmosphere identity, atmospheric pressure, the selection of 
divalent anion, organic moment and the selection of addi 
tional additives to aid in crystallization. For membrane pro 
teins, additional factors must be considered, such as, but not 
limited to, the type of lipid present, relative types and con 
centrations of detergent present, polar, apolar and amphip 
athic additives and limited protein quantity. Each of the above 
factors must be considered both alone and in combination, to 
determine a set of crystallization conditions that yield high 
quality diffracting crystals (i.e. optimal conditions). HoW 
ever, neW high throughput testing systems have alloWed sci 
entists to test thousands of crystallization conditions for a 
given protein, suggesting that the large number of potential 
variables is not the only issue. Therefore, factors other than 
the multiplicity of crystallization conditions appear to be 
in?uencing the poor success rate of crystal production. 
[0005] Therefore, the prior art is lacking and is in need of a 
method and apparatus to e?iciently test and evaluate a Wide 
range of crystallization conditions in the crystallization space 
for a given protein in order to determine crystallization con 
ditions for said protein, and to test and evaluate a Wide range 
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of solubility conditions for a given protein in order to deter 
mine solubility conditions for said protein. In addition, it is 
also useful to determine solution conditions in Which a pro 
tein Will remain soluble e.g. solution condition that Will not 
precipitate said protein. 

BRIEF DESCRIPTION OF THE FIGURES 

[0006] FIG. 1 illustrates a comparison of the crystallization 
scores betWeen predicted and actual experiments using the 
training data used to train the neural netWork for the 9c9 
protein. 
[0007] FIG. 2 illustrates a comparison of the crystallization 
scores betWeen predicted and actual experiments using the 
data the trained 9c9 the neural netWork has not been exposed 
to in order to validate the neural netWork training process. 
[0008] FIG. 3 shoWs a typical data set obtained When the 
score values used for neural netWork training are not 
Weighted. 
[0009] FIG. 4 shoWs crystalline images and corresponding 
crystallization conditions obtained using the incomplete fac 
torial screen as compared crystalline images and correspond 
ing crystallization conditions as predicted by the trained neu 
ral netWork. 
[0010] FIG. 5 shoWs a comparison of k' measured using 
SIC and B measured by SLS for the ESA protein. 
[0011] FIG. 6 shoWs a comparison of SIC and SLS for 
lysozyme as a function of % NaCl in the mobile phase (pH 
4.5, 0.1 M acetate base mobile phase, kdet:280 nm). 
[0012] FIG. 7 illustrates the use of the second virial coe?i 
cient data as an aid in determining desired crystallization 
conditions for the ot-chymotrypsino gen protein. 
[0013] FIG. 8A shoWs one embodiment of a SIC device 
comprising 10 channels. 
[0014] FIG. 8B shoWs one embodiment of a SIC device 
comprising 20 channels 
[0015] FIG. 9A shoWs a side perspective vieW of one 
embodiment of a micro-?uidic device used in the determina 
tion of the B parameter. 
[0016] FIG. 9B shoWs an exploded vieW of a portion of the 
micro-?uidic device of FIG. 9A. 
[0017] FIG. 9C shoWs a side magni?ed vieW of a portion of 
the micro-?uidic device of FIG. 9A. 
[0018] FIG. 9D shoWs a front magni?ed vieW of a portion 
of the micro-?uidic device of FIG. 9A. 
[0019] FIG. 10 shoWs the neural netWork of the present 
disclosure is capable of predicting solution conditions that 
generate B values that result in bene?cial solubility or stabil 
ity conditions for a polypeptide of interest. 

DETAILED DESCRIPTION 

[0020] The present disclosure provides an effective method 
to alloW a user to pre-screen numerous crystallization condi 
tions in the crystallization space to identify those conditions 
With the highest probability of yielding crystals and high 
quality diffracting crystals. Such a method Will alloW protein 
speci?c screens to be created. In addition, as the body of 
crystallization conditions increases for individual proteins, it 
may be possible to de?ne characteristic subsets of classes in 
these proteins that produce crystals under similar crystalliza 
tion conditions. These characteristics can be used to produce 
crystallization classes of proteins and further aid in the ability 
to produce crystals from a variety of proteins. In addition, the 
present disclosure provides methods for the accurate deter 
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minations of solution conditions that generate bene?cial solu 
bility and/or stability conditions for a polypeptide of interest. 

[0021] While the present disclosure is described With 
respect to protein crystallization, it should be appreciated that 
the methods and apparatus of the present disclosure can be 
used in the optimization of crystallization conditions for a 
variety of potential “crystallants” including but not limited to 
polypeptides, organic molecules, organometallic molecules, 
inorganic molecules, nanocrystals, and viruses. The inventive 
method of the present disclosure speeds structure-based drug 
design by expediting the crystallization of protein crystals, as 
Well as by revealing the crystallization process itself, thus 
alloWing investigation of variables important for crystalliza 
tion. Furthermore, the method and apparatus of the present 
disclosure may also be used to determine the solution condi 
tions that result in bene?cial solubility and stability solubility 
for a polypeptide of interest. In one embodiment, the crystal 
lization condition variables are selected for a particular 
polypeptide (sometimes referred to herein as the “polypep 
tide of interest”) to be crystallized. The crystallization con 
dition variables include, but are not limited to, protein purity, 
protein dilution, protein homogeneity, protein stability, ?ex 
ibility of the protein, precipitating agent, concentration of 
precipitating agent, buffer, concentration of buffer, pH, tem 
perature, light, magnetism, gravity, atmosphere identity, 
atmospheric pressure, divalent anion, organic moment, addi 
tives to aid in crystallization and a combination of any of the 
foregoing. Furthermore, for membrane proteins the crystalli 
zation condition variables may further include, but are not 
limited to, the type of lipid present, detergent, concentration 
of detergent, polar additives, apolar additives, amphipathic 
additives and a combination of any of the foregoing. These 
variables are used in an initial crystallization screening 
experiments and initial solubility and/or stability experi 
ments. A number of methods may be used to select the vari 
ables and speci?c values for each variable in the initial crys 
tallization screening experiment, such as, but not limited to, 
an incomplete factorial screen or a random screen. Each vari 
able may have one or more speci?c values to be tested (for 
example the variable may be pH, With 4 pH values being 
tested for the pH variable). The variables may be selected as 
is knoWn in the art. The number of values for each of the 
variables, When multiplied together, represents the permuta 
tion number (crystallization space) for a particular crystalli 
zation experiment for the crystallant of interest. A subset of 
the values for each of the variables is selected to perform a 
number of crystallization experiments. The number of values 
in the subset is less than the permutation number for the 
experiment and the subset is chosen to sample the entire 
crystallization space. The subset of values for a given variable 
is chosen as is knoWn in the art. The results of the crystalli 
zation experiments performed are entered into a predictive 
crystallization function. The predictive crystallization func 
tion can then be used to generate a predicted outcome of the 
remaining experimental crystallization conditions based on 
the results of the actual experiments carried out using the 
subset described above. The same methodology applies to the 
determination of predicted solution conditions that result in 
bene?cial solubility and/ or stability conditions for a polypep 
tide of interest. A predicted positive outcome indicates a 
condition likely to produce a crystal from the crystallant of 
interest or a solution that is likely to produce bene?cial solu 
bility and/or stability for a polypeptide of interest. A predicted 
negative outcome indicates a condition that is not likely to 
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produce a crystal from the crystallant of interest or a solution 
that that is likely to produce bene?cial solubility and/or sta 
bility for a polypeptide of interest. The number of predicted 
outcomes Will be the permutation number minus the number 
of values used in the subset. 
[0022] In one embodiment, the predictive function is cre 
ated by a neural netWork. The neural netWork is used to 
analyze the experimental crystallization or solubility/stabil 
ity results. In one speci?c embodiment disclosed, the dilute 
solution thermodynamic virial coef?cient, termed B, is used 
to aid in the prediction of crystallization conditions for the 
crystallant of interest. The B parameter may also be used 
independently to predict solution conditions that result in 
bene?cial solubility and/or stability for a polypeptide ofinter 
est. The B parameter may be used: (I) to select the variables 
of interest, (2) to re?ne the individual values for each variable 
selected, (3) as a variable in the data used to train the neural 
netWork, (4) or to screen the predicted outcomes given by the 
predictive crystallization function to eliminate false positive 
outcomes from the results, or in possible combinations of the 
foregoing. 
[0023] Such a method Will minimize the amount of protein 
required for the screening process, increase the probability of 
obtaining crystals With each condition tested and increase the 
overall ef?ciency/ co st effectiveness of the crystallization pro 
cess. Furthermore, as data regarding the relationship of vari 
ables or speci?c combinations of different variables are asso 
ciated With a large number of different proteins, the method 
Will produce “crystallization classes” of proteins to alloW a 
starting point for crystallization experiments. 
[0024] As used herein, the term “polypeptide” refers to a 
polymer of amino acids Without regard to the length of the 
polymer; thus, peptides, oligopeptides, and proteins are 
included Within the de?nition of polypeptide. This term also 
does not specify or exclude chemical or post-expression 
modi?cations of the polypeptides of the invention, although 
chemical or post-expression modi?cations of these polypep 
tides may be included or excluded as speci?c embodiments. 
Also included Within the de?nition are polypeptides Which 
contain one or more analogs of an amino acid (including, for 
example, non-naturally occurring amino acids, amino acids 
Which only occur naturally in an unrelated biological system, 
modi?ed amino acids from mammalian systems, etc.), 
polypeptides With substituted linkages, as Well as other modi 
?cations knoWn in the art, both naturally occurring and non 
naturally occurring. 

Predictive Crystallization Function 

[0025] In one embodiment, the method described uses a 
predictive function capable of predicting positive outcomes 
for crystallization and solubility and/ or stability, based on an 
incomplete yet representative sampling of the entire crystal 
lization space (or the permutation space). That is, based on the 
initial screen conditions and the results produced thereby, the 
predictive function can perform a virtual screen of all possible 
combinations and levels of the values for the condition vari 
ables to predict the conditions likely to yield larger and higher 
quality crystals and bene?cial solubility and/ or stability con 
ditions. This process can further improve the e?iciency of 
protein crystallization screening experiments and solubility 
and/or stability screening experiments by learning from prior 
experimental results and predicting neW conditions that 
should produce positive outcomes for crystallization of a 
crystallant of interest and solubility and/ or stability for a 
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polypeptide of interest. The B parameter may be used as a 
crystallization condition variable to be used by the predictive 
crystallization function or may be used to validate predicted 
positive and predicted negative outcomes generated by the 
predictive crystallization function. In addition the B param 
eter may be used independently to predict solution conditions 
that generate bene?cial solubility and/ or stability conditions. 

[0026] In one embodiment, the predictive crystallization 
function is created by a neural netWork and/or smart algo 
rithm. Neural netWorks are based upon a real nervous system 
paradigm composed of multiple neurons communicating 
through axon connections. Characteristics of neural netWorks 
include self-organization, nonlinear processing, and massive 
parallelism. The neural netWork exhibits enhanced approxi 
mation, noise immunity, and classi?cation properties. The 
self-organizing and predictive nature of the neural netWorks 
alloW for accurate prediction of never before seen crystalli 
zation conditions, even in the presence of noise. Such neural 
netWorks may also be used to generate common crystalliza 
tion conditions for protein classes. 
[0027] The operation of the neural net may be combined 
With a high-throughput automated liquid dispenser that 
physically creates the customized conditions for each sample 
and an automated system to monitor the results of the crys 
tallization screens described herein (an exemplary system is 
described in US. patent application Ser. No. 10/665,453). A 
neural netWork and/or a smart algorithm according to the 
present disclosure provides a novel understanding of the 
highly non-linear crystallization process, thereby reducing 
the number of required experiments, and needed quantities of 
experimental samples. The reduction in the time required to 
create crystallization conditions (recipes) speeds the struc 
ture-based drug design cycle or other crystallization related 
activities. An exemplary neural net method is described 
herein. Any neural net algorithm may be used, including those 
described in US. patent application Ser. No. 10/665,453. 
[0028] Operative predictive crystallization functions illus 
tratively include a trained neural netWork, a Chernov algo 
rithm, a Bayesian type algorithm (Bayesian nets, Bayesian 
Classi?cation, Bayesian Decomposition), a Mahalanobis dis 
tance, a Gram-Schmidt algorithm and cluster analysis. An 
operative neural netWork generates a predictive crystalliza 
tion function that looks for patterns in training sets of data, 
learns these patterns, and develops the ability (i.e. produces a 
function) to correctly classify neW patterns and/or makes 
forecasts of predicted outcomes (both positive and negative). 
The neural netWork is trained With initial crystallization 
screen conditions and results, Where said initial crystalliza 
tion screen samples the entire crystallization space. The con 
ditions for the initial crystallization screen may be deter 
mined by any method desired, such as but not limited to, an 
initial incomplete factorial screen and a random screen. In 
one embodiment an incomplete factorials screen is used. The 
user-de?ned crystallization condition variables of the incom 
plete factorial become the independent training variables. 
The outcome or score of the initial crystallization screen 
become the dependent variables. The dependent and indepen 
dent variables are used to train the neural netWork to predict 
the outcomes of crystallization for a crystallant of interest 
from the entire crystallization space even though only about 
0.1% of the crystallization space is initially tested. Typically, 
less than 5% of the crystallization space is tested; often less 
than 1% is tested, and in many instances, less than 0.1% is 
tested. 
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[0029] Spatial correlation template matching betWeen the 
responses of different proteins to the same screen may pro 
vide a spatial distance relationship score. The correlation 
yields a distance score betWeen tWo proteins. As a measure of 
hoW Well a protein correlates to a second protein crystalliza 
tion score, a distance function can be used betWeen the tWo 
proteins. The index i represents each experimental sample, 
for example 360 different conditions, i:1 to 360. The distance 
function compares the response of the protein to each screen 
condition. If the response is identical, the resultant spatial 
value becomes 1. If the response is different, the resultant 
spatial value becomes 0. The correlation betWeen the tWo 
proteins then becomes the sum of the resultant spatial values. 
Alternatively, real multiplication can be assigned for com 
parisons, ie if Protein 1 responds With large crystals to 
experimental sample 241 and Protein 2 responds With small 
crystals to experimental sample 241, the resultant spatial 
value could become much higher than 1. If a crystal is scored 
as 1000, then the resultant score of crystals at the same con 
dition in tWo proteins becomes 1000 times 1000, or 1,000, 
000. The classi?cation system is organized by comparing 
every protein on a one-by-one basis to other proteins. Neigh 
borhoods and families are then organized by relative close 
ness. 

[0030] The neural netWork as described may be trained by 
a variety of methods knoWn in the art and described herein. In 
one embodiment, the neural netWork is trained, by back 
propagation, using the results from an initial crystallization 
screen. Training a neural netWork begins by ?nding linear 
relationships betWeen the inputs and the output of the training 
set. Weight values are assigned to the links betWeen the input 
and output neurons. The Weight values may be de?ned by the 
user and can be varied. After those relationships are deter 
mined, neurons are added to a hidden layer so that nonlinear 
relationships can be found. Input values in the ?rst layer are 
multiplied by the Weights and passed to the hidden layer. 
Neurons in the hidden layer produce outputs that are based 
upon the sum of Weighted values passed to these neurons. The 
hidden layer passes values to the output layer in the same 
fashion, and the output layer produces the desired predicted 
outcomes. The Weights may be adjusted to minimize the error 
and maximize R2 betWeen the actual versus the predicted 
values. This process is continued until the average error 
across all the training sets is minimized. The netWork “leams” 
by adjusting the interconnection Weights betWeen layers. The 
predicted outcomes the netWork is producing are repeatedly 
compared With the correct ansWers (i.e. actual results), and 
each time the connecting Weights are adjusted slightly in the 
direction of the correct ansWers. Additional hidden neurons 
may be added to capture features in the data set. Eventually, if 
the problem is leamable a stable set of Weights evolves and 
produces good ansWers for all of the sample decisions or 
predictions. The real poWer of an inventive the neural netWork 
is evident When the trained netWork is able to produce good 
results for data that the netWork has never evaluated to predict 
the conditions that produce crystals from the entire experi 
mental crystallization space or bene?cial solubility and/or 
stability conditions from the entire permutation space. 

Screening for Crystallization Condition Variables 

[0031] The process described beloW is described in terms of 
crystallization determinations; hoWever, the methods are 
equally applicable to determining solubility and/or crystal 
lant conditions. The typical procedure used to determine 
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proper crystallization conditions for a crystallant of interest 
(in this embodiment a polypeptide) involves running one or 
more crystallization screens. A number of crystallization 
screens are knoWn in the art. Some of the commercially 
available crystallization screens include those available from 
Hampton Research, Emerald Biosystems and Jenna Systems. 
All of the available commercial crystallization screens are 
linear or sparse matrix screens With a majority of the screen 
ing conditions centered around conditions that produce crys 
tals for other proteins. Therefore, if the polypeptide of interest 
requires unique crystallization conditions to produce crystal 
line material, use of the commercially available crystalliza 
tion screens is likely not to produce successful results. Fur 
thermore, if these commercial screens do in fact yield crystals 
they are often of poor quality and unsuitable for structure 
solution. If the screens do not yield crystalline material suit 
able for diffraction studies, the researcher simply tries addi 
tional commercial screens, a process that is labor-intensive 
(even With high-throughput systems), and expensive. 
[0032] After the results of the crystallization screen are 
analyzed, the best conditions identi?ed are selected for opti 
mization. Optimization is usually performed by experimen 
tally preparing a linear grid screen that varies only one or tWo 
variables such as the pH or precipitating agent in a small 
region around the best conditions identi?ed in the crystalli 
zation screen. 

[0033] HoWever, historically in analyzing the crystalliza 
tion screens only positive results are recorded and negative 
outcomes discarded, so the majority of outcomes observed 
(such as, but not limited to, clear drop, phase change, precipi 
tate, and spherulites) are never used to determine optimiza 
tion conditions. In one embodiment of the present disclosure, 
a set of crystallization condition variables are selected for a 
particular crystallant of interest to be crystallized. A subset of 
these variables is used to prepare an initial crystallization 
screening experiment. The number of conditions in the sub set 
comprising the initial crystallization screen is less than the 
permutation number for the experiment and the subset is 
chosen to sample the entire crystallization space for the crys 
tallant of interest. A number of methods may be used to select 
the variables in the initial crystallization screening experi 
ment, such as, but not limited to, incomplete factorial screens 
and random screens. Each variable may have one or more 

speci?c values to be tested (for example the variable may be 
pH, With 4 pH values being tested for the pH variable). The 
variables may be selected as is knoWn in the art. The values of 
each of the variables, When multiplied together, represent the 
permutation number for a particular crystallization experi 
ment for the crystallant of interest (i.e. de?nes the crystalli 
zation space for the crystallant of interest). A subset of the 
values for each of the variables is selected to perform a num 
ber of crystallization experiments (representing the initial 
crystallization screen). The subset of values for the variables 
in the subset are chosen as is knoWn in the art. 

[0034] The results of the initial crystallization screen per 
formed are used to train a neural netWork that Will produce a 
predictive crystallization function, utilizing both successful 
and unsuccessful outcomes. The predictive crystallization 
function can then be used to predict the outcome of the 
remaining experimental crystallization conditions based on 
the results of the actual experiments of the initial crystalliza 
tion screen carried out using the subset described above. 

[0035] The outcomes of the crystallization experiments 
from the initial crystallization screen are scored prior to being 
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used to train the neural netWork that Will produce the predic 
tive crystallization function. A scale is used that includes 
scores for various crystalline, quasi- and non-crystalline 
results. The scale may be linear or non-linear and may be 
Weighted to favor successful conditions (those producing 
crystals) or non-successful conditions (those not producing 
crystals). A matrix to encode the variables of the crystalliza 
tion screen may be used. In one embodiment, the matrix is a 
user de?ned incomplete factorial program. A screen size Was 
chosen to be 360 experiments With 10 variables at 6 or 3 
values each. Screen size may be varied if desired. Screen 
variables Were chosen according to previously published 
Work and as discussed herein (Carter and Carter, 1979). 
[0036] In one embodiment, three different complementary 
approaches have been combined; (i) an initial crystallization 
screen comprising an incomplete factorial screen; (ii) a high 
throughput nanoliter crystallization robot and monitoring 
system (described in US. patent application Ser. No. 10/665, 
453); and (iii) a neural net algorithm program capable of 
using initial screen results to predict future conditions likely 
to yield crystals. The incomplete factorial screen alloWs a 
small number of experiments to be performed that sample all 
possible experiments in a statistically robust manner (a more 
complete description is provided in DeLucas, et al. 2003 and 
in US. patent application Ser. No. 10/665,453). Such an 
integrated approach minimizes the total amount of protein 
and labor required to screen for suitable crystallization con 
ditions. The folloWing describes selected examples of the 
present disclosure. 

EXAMPLE 1 

[0037] In one application of the teachings of the present 
disclosure, the 9C9 (C. elegans protein), Was examined. In a 
speci?c embodiment the B parameter may also be used. The 
B value may be determined by any method knoWn in the art. 
In one embodiment the B parameters may be determined by 
the high throughput device disclosed herein. The B parameter 
may be input into the neural netWork to train the neural 
netWork. In this example, the initial crystallization screen 
comprised 360 screen conditions selected using an incom 
plete factorial design. Experiments Were performed on all 3 60 
screen conditions. The neural netWork Was trained using 
experiments 1-315 from the complete set of 360 screen con 
ditions. The neural netWork Was trained With all results, 
including failures, of the 315 experiments to train a neural 
netWork to recognize conditions that result in crystallization. 
The 315 experiments alloWed the neural netWork to converge 
With an acceptable R2 value (goodness of ?t) of 0.604. The 
scoring system Was a non-linear scale With any crystalline 
result given a mark of 1000 and the other results (i.e. clear 
drop, phase separation, precipitate, microcrystal/precipitate, 
and rosettes/spherulites) Were scored 1 through 5, respec 
tively. The input to the neural netWork is the indexed crystal 
lization condition variables and the output is the predicted 
score. The Weights of the hidden neurons Were determined by 
back propagation. The remaining 12.5% (45 experiments) of 
the incomplete factorial screen results Were used for veri?ca 
tion. 
[0038] There Was only one crystal producing condition in 
the training set of 315 experiments (experiment 239) as 
shoWn in FIG. 1. The results from the actual experiment are 
represented as a dark line and those from the predicted experi 
ment using the neural netWork are displayed as a lighter line 
as indicated. The score or result from a protein crystallization 
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experiment (Y axis) versus the crystallization experiment Qi 
axis) is displayed. Experiments 316-360 were used to verify 
the training of the neural network and are shown in FIG. 2. 
The score or result from a protein crystallization experiment 
(Y axis) versus the crystallization experiment (X axis) is 
displayed. FIG. 2 illustrates the trained neural network was 
able to predict the only crystallization outcome in experi 
ments 316-360 (experiment 350). This result highlights the 
neural networks ability to recognize crystallization condi 
tions for 9C9. The neural network was able to accurately 
predict the outcomes of the remaining 45 experiments, even 
though results from these experiments had never been input 
into the neural net program. This analysis reinforces the 
hypothesis that the neural network can be used to predict 
crystallization conditions for previously non-crystallized 
proteins (DeLucas et al, 2003). 
[0039] The ability of the neural network to identify patterns 
of crystallization in complex non-linear datasets provides a 
powerful method of optimization. The total number of per 
mutations possible for a particular screen is calculated by 
multiplying the number of discrete values of each crystalli 
zation condition variable. For the C. elegans protein, 9C9, 
there are 320,050 possible permutations in the complete crys 
tallization space. 
[0040] If actual scores are used for training instead of 
weighting speci?c crystal outcomes (as was done for 9C9), 
noise in the predictions may be observed, such as false posi 
tives and false negatives. However, the neural net was able to 
consistently predict the highest scores, in spite of the inclu 
sion of false positives. FIG. 3 shows a typical training pattern 
observed when all scores are given equal priority to initiate 
the training of the neural network. In most cases, the highest 
predicted values closely match the highest experimental val 
ues. 

EXAMPLE 2 

[0041] In an alternate embodiment, a different technique 
was used to train the neural network. In this embodiment, the 
data from the initial crystallization screen (the incomplete 
factorial design as in example 1) was divided into ten (10) 
disjointed and unique folds such that each crystallization 
condition of the incomplete factorial screen was used to train 
the neural network nine (9) times and for an independent 
evaluation of the model during a 10th iteration. For each of the 
10 folds, 90% of the data was used for training and the 
remaining 10% was completely withheld from the training 
process and evaluated only after all training was completed. 
The neural net algorithm randomly selected the 10% of the 
data withheld during each iteration. During each iteration, the 
neural network learned by the training data how to predict 
crystallization conditions likely to produce crystals. At the 
start of each iteration, all of the data from the incomplete 
factorial screen is again used for the training of the neural 
network and the evaluation. This process gave 10 separate 
algorithms that captured the variation in the data. The ?nal 
algorithm developed was used as a consensus of all the pre 
dicted values taken as an average. In a further variation, the 
iterative training process can be continued as described above 
until the neural network ceases to improve its predictive abil 
ity with further training. The standard deviation (sigma) was 
also calculated as an estimate of the probability of accuracy 
for an individual prediction. Once the training of the neural 
network was complete, all possible combinations of the vari 
ables (~320,000 in this case) were calculated representing the 
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non-sampled complete factorial space (i.e. predicting the 
conditions that produce crystals from the entire “crystalliza 
tion space”). The highest 1000 maximum predicted values 
were identi?ed and sorted based on the minimum standard 
deviation and represented the neural network’s prediction of 
the optimal crystallization conditions. In this example, 360 
conditions (representing the entire incomplete factorial 
screen) were used to train neural network which then pre 
dicted the outcomes of the non-sampled complete factorial 
space to identify crystallization conditions (i.e. predicting the 
conditions that produce crystals from the entire “crystalliza 
tion space”). The crystallization conditions for the top 360 
scores (the number 360 was chosen due to the fact that the 
coming crystallization plate holds 120 conditions and the 
neural net algorithm predicted scores for three different tem 
peratures) were determined and the experiments conducted. 
These selections represented the neural net’s choice for the 
top 360 conditions from 320,000 possibilities for each pro 
tein. In an effort to independently compare the modi?ed train 
ing algorithm with the algorithm produced using back-propa 
gation, Interactive Analysis (Bedford, Ma.) also performed 
all consensus model neural network calculations using back 
propagation as described above. The results of the two inde 
pendent analyses were highly correlated, with the top 20 
predictions in close agreement. 

EXAMPLE 3 

[0042] In this example eleven proteins were subjected to 
the incomplete factorial screen followed by neural net analy 
sis as described. The proteins used included C. elegans-9C9, 
C. elegans-l 1059, variable chitin binding protein-3 (VCBP 
3), beta lactoglobulin (bovine milk), ot-chymotrypsinogen 
(bovine pancreas), catalase (bovine liver), collagen binding 
protein (ACE-40), bacterial hyaluronidase, TSP-l, PAl and 
PXl (identi?cation of these two proteins is con?dential at the 
request of the pharmaceutical company that contributed them 
to our studies). 
[0043] For each protein, an initial crystallization screen 
was prepared using an incomplete factorial screen. The 
results of which were used to train a neural network as 
described herein. The results of the initial crystallization 
screen were used to train the neural network as described in 
example 2. The neural network used the data from the initial 
crystallization screen to predict conditions favorable for crys 
tallization (positive outcomes) for each protein. 
[0044] The neural net predictive scores for each protein 
generally ranged between one to three units higher than any of 
the input scores used for training. Thus, the neural net was 
able to use the training data (initial crystallization screen) to 
weight those factors determined to be important for optimum 
crystallization results and subsequently predict new condi 
tions expected to produce improved results. Neural net pre 
dictive capabilities were compared with linear regression as 
an alternative method to predict crystallization outcomes. In 
every case, the neural net was superior to the linear regression 
algorithm. In some cases the neural net predictions appeared 
to fall into an area that would be described as part of the region 
around the initial “crystallization hit”. Thus, if an experi 
menter prepared a ?ne screen around the initial hit, (without 
help from the neural net predictions) the improved conditions 
would also have been found. However, for other proteins (C. 
elegans l 1059, VCBP-3 and ACE-40) this clearly was not the 
case. In these cases, the predictions from the neural network 
involved an area of “crystallization space” that was signi? 
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cantly different from the crystallization outcomes observed in 
the initial crystallization screen that Would not have been 
explored in a second round of ?ner screening. The pH’s 
differed by 3.0 units from the conditions in the initial crys 
tallization screen and used completely different salts and 
concentrations. For example, it is unlikely that a crystallog 
rapher, given the initial conditions identi?ed in the initial 
screen Would have identi?ed the conditions for crystallization 
predicted by the neural netWork. FIG. 4 shoWs crystals and 
chemical conditions obtained from the initial screen (best hit 
from initial screen) versus the best experimental results 
obtained via the neural net predictions With all experiments 
conducted in the exact same Way (i.e. drop size, temperature, 
container volume etc.). In some instances the neural net pre 
dictions yielded experimental results (crystals) scoring as 
high as a 10 (one large, high quality crystal) using the Hamp 
ton scoring system. 
[0045] There are tWo traditional methods used to optimize 
crystallization based on the results of an incomplete factorial 
screen. One is to proceed directly to a ?ne screen centered 
close to the conditions that produce crystals, maintaining a 
narroW range of pH and concentration variables. Usually the 
identities of the PEG’s and anionic salt components Would 
remain constant. A second approach Would be to use a linear 
prediction method to analyze the overall results to determine 
the best value for each variable. For example, if the average 
score of experiments containing malonate is higher than the 
average score for the other salts, malonate Would be selected 
as the anionic salt. 
[0046] The neural net analysis predicts high scores for 
many experiments in the areas of the original screen hits and 
also included most of the experiments suggested by the linear 
analysis. Larger and better quality crystals Were found for the 
majority of the proteins screened among the experiments 
suggested by the neural net analysis rather than those in the 
original screen (as Well as those suggested by the linear analy 
sis). In almost all cases, the linear regression predictive analy 
sis experiment either failed to predict conditions that led to 
crystals, or the crystals Were of poorer quality than the origi 
nal hits. 
[0047] These results imply that a predictive algorithm, such 
as the neural netWork described herein, may be useful for 
optimizing the ?ne screening that is typically required to 
advance from initial hits to diffraction-quality crystals. But it 
may also be useful for ?nding neW permutations of the com 
ponents and their concentrations that also yield superior crys 
tals yet lie far outside the area that Would normally be sub 
jected to a ?ne screen (this area may produce crystals With 
neW space groups or morphologies). 
[0048] The use of a statistically representative crystalliza 
tion screen (the incomplete factorial screen) may provide an 
advantage over commercially available screens, particularly 
for those proteins that crystallize under experimental condi 
tions that are uncommon. In addition, the use of such a screen 
With predictive algorithms may provide a poWerful tool for 
crystallizing and optimizing neW proteins. The incorporation 
of these tools With a nanoliter dispensing system enables an 
e?icient and intelligent search for the optimum crystalliza 
tion conditions. 

B Parameter 

[0049] It is Well established both experimentally and theo 
retically (George and Wilson, 1994; Ducruix et al., 1996; 
Malfois et al., 1996; Rosenbaum et al., 1996; George et al., 
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1997;Neal et al., 1998; Bonnete et al., 1999; Neal et al., 1999) 
that a dilute solution thermodynamic parameter called the 
second virial coe?icient, referred to herein as B, is correlated 
to solution conditions that are favorable to protein crystalli 
zation. Originally determined for lysozyme andbovine serum 
albumin, B shoWed a narroW range of values that correlated 
With protein crystal groWth. Generally, the B values that cor 
relate With protein crystal formation are in the range betWeen 
—l><l0_4 and —8><l0_4 mol ml g'2 (sometimes referred to as 
the “crystallization slot”). B is a measure of the entirety of tWo 
body (protein-protein) interactions that includes contribu 
tions from excluded volume, electrostatic factors (attractive 
and repulsive) and hydrophobic interactions. In terms of 
MacMillan-Meyer solution theory, B is related to a potential 
of mean force, W, Which describes all of the interaction forces 
betWeen tWo protein molecules in dilute solution. Protein 
crystal groWth experiments conducted in solution conditions 
at more negative B values have a greater risk of forming 
amorphous solid phase (Which are not useful for crystal struc 
ture determination) because of corresponding stronger pro 
tein-protein attractions. On the other hand, experiments at 
more positive values, Where the net protein-protein interac 
tions are repulsive, typically require protein concentrations 
that are impractically high to cause phase separation of any 
kind. Solvent conditions resulting in crystallization can be 
referred to as being “moderately poor”, i.e. the solvent must 
be poor enough (slightly negative B values) to eventually 
promote the formation of crystals at higher protein concen 
trations but not so poor (larger negative B values) that it 
results in the formation of amorphous precipitate. 
[0050] The B parameter canbe used as an effective guide by 
crystallographers to determine changes in one or more values 
of the crystallization condition variables of the crystallization 
solution, such as but not limited to, the selection of precipi 
tating agent, the selection of buffer, the selection of pH, the 
selection of temperature, light, magnetism, gravity, atmo 
sphere identity, atmospheric pressure, the selection of diva 
lent anion, organic moment and the selection of additional 
additives to aid in crystallization that Will increase the prob 
ability of a successful crystallization. In addition the B 
parameter may be used independently to determine solution 
conditions that generate bene?cial solubility and/or stability 
conditions. Such a use is possible since the B parameter 
evaluates protein-protein interactions Which are a key deter 
minant in polypeptide solubility/ stability as Well as for crys 
tallization. By determining Which combinations of values of 
the crystallization condition variables fall Within the crystal 
lization slot, the probability of an unsuccessful outcome is 
reduced. The crystallization slot is applicable for both Water 
soluble and membrane bound proteins (Hitscherich et al. 
(2000)). In addition to aqueous proteins and protein-detergent 
complexes, B measurements on protein-free detergent 
micelles found that the B is a good predictor for crystalliza 
tion of protein-detergent complexes under similar solution 
conditions (Loll et al. (2002)). 
[0051] There are a number of methods for determining B 
values. Any method for measuring B values, noW knoWn or 
discovered in the future, may be used in the context of the 
present disclosure. The most often reported method of deter 
mining B values is by static light scattering (SLS). The basic 
SLS experiment measures the average intensity of light scat 
tered by a protein solution of de?ned concentration in excess 
of that scattered by background sources (solvent, crystalliz 
ing agents, such as detergents, stray light, etc.). A complete 
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description of the SLS experiment and theory is given by 
Kratochvil (Classical Light Scattering from Polymer Solu 
tions, Elsevier, Amsterdam, 1987). As the term implies, SLS 
can be used to obtain the so-called “static” parameters of the 
protein such as Weight-average molecular Weight, MW, and B. 
The Working equation appropriate for mo st protein molecules 
1s 

Where K is an optical constant. R90 is the excess Rayleigh 
factor at a scattering angle of 90° (cm_l) and c is the concen 
tration of the protein (g/mL). Equation (1) indicates that a plot 
of Kc/R9O versus c alloWs the determination of MW (usually 
independently knoWn for a carefully puri?ed protein), and B, 
the second virial coe?icient. The values for B resulting from 
these measurements may then be used as input to the predic 
tive crystallization function or to validate the predicted posi 
tive and negative outcomes generated by the predictive crys 
tallization function. 
[0052] Although SLS is commonly used to determine the B 
value, the use of SLS in high throughput methods has certain 
disadvantages due to sample clari?cation procedures, amount 
of protein required (mg), time of measurement (hrs) and data 
interpretation for multi-component solutions. In order to 
overcome previously mentioned obstacles for B determina 
tions, a novel alternative approach has been devised to deter 
mine B values for soluble proteins as Well as membrane 
proteins. In one embodiment, the method for determining B is 
a special case of a?inity chromatography, often referred to as 
self-interaction chromatography (SIC) (Patro, S. and Przyby 
cien, T., Biotechnol. Bioeng. 52, 193-203, 1996) and is per 
formed When the target protein is used as both ligand (at 
tached to a stationary phase) and ligate (soluble in the mobile 
phase). SIC utilizes a stationary phase that consists of the 
crystallant of interest (in this case a polypeptide) immobilized 
on the support material, and a mobile phase that consists of 
the crystallization solution (Which can be varied to screen for 
various crystallization conditions) and the polypeptide of 
interest dissolved in the crystallization solution. The mobile 
phase (comprising the dissolved polypeptide of interest) is 
then injected onto the column, the retention time is measured 
and the retention time of the polypeptide of interest (tR) is 
compared to that of a neutral marker (tm). For different crys 
tallization solutions, the polypeptide of interest dissolved in 
the mobile phase Will have different interactions (repulsive/ 
attractive) With the stationary phase polypeptide of interest, 
leading to shifts in retention times. Recent publications 
(Tessier, et al., 2002) have proven that the retention time of the 
polypeptide of interest dissolved in the mobile phase is cor 
related With B. These same properties alloW the B parameter 
to predict bene?cial solubility and/or stability conditions for 
a polypeptide of interest. 
[0053] The application of SIC to determinations of B Was 
described (Garcia, et al., 2003a; Garcia, et al., 2003b) and is 
described in US. patent application Ser. No. 10/265,715. In 
the ’715 application, a SIC device Was fabricated comprising 
a channel formed in a channel layer. A cover may be placed 
over the channel formed in the channel layer to form a cavity. 
The channel and/or the cover comprise a ?rst and second 
opening in ?uid communication With the channel. The cavity 
comprises a solid support containing the immobilized 
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polypeptide of interest. The channel may have any diameter 
desired. In one embodiment, the volume of the channel is less 
than 100 ul; in an alternate embodiment, the volume of the 
channel is less than 10 ul. The device described may be used 
in combination With a ?uid handling system to direct a ?uid 
(i.e. the mobile phase) through the cavity. The ?uid handling 
system may be a ?uid pump in ?uid communication With the 
?rst and/ or second openings described above. The ?uid han 
dling system directs the ?uid through the channel so that the 
dissolved polypeptide of interest in the mobile phase interacts 
With the immobilized polypeptide of interest on the solid 
support. As discussed above, the mobile phase may be a 
crystallization solution having the desired values of the crys 
tallization condition variables so that a Wide variety of crys 
tallizations conditions may be tested. An injector may be 
provided for injecting the polypeptide of interest into the ?uid 
stream. Furthermore, a detector may also be provided in ?uid 
communication With the ?rst and/ or second openings to 
detect the presence of the polypeptide of interest in the ?uid 
stream. 

[0054] Once the stationary phase is fully equilibrated by 
pumping a particular mobile phase through the channel, a 
small volume (0.2 pL) of a dilute (~1.0 mg/ml) solution of 
protein dissolved in the mobile phase is injected into the ?uid 
stream. The detector measures the retention time of the 
polypeptide of interest (tR). The tR is compared to that for a 
neutral (non-interacting) marker (tm). The process is repeated 
for different concentrations of the crystallizing agent, and a 
chromatographic capacity factor, k', is computed from each 
retention time. The k' values Were then used to directly esti 
mate the B parameter. k' is determined as set forth in equation 
2: 

I, — rm (2) 

Where t, is the retention time measured for the polypeptide of 
interest and tm is the retention time for an unretained marker. 
The tm may be determined as set forth above for the ESA 
protein, or by a tWo-step method as folloWs. First, a column is 
prepared using the same stationary support material Without 
the polypeptide of interest immobilized thereon. Acetone 
(3% v/v) and the marker protein are injected on this column 
and the retention times (tace' and tpro?) measured. Acetone 
(3% v/v) is injected on a column With immobilized protein 
and the retention time measured (tace). tm is determined by 
multiplying using equation 3: 

r’ (3) 

This step is necessary to account for the size-based retention 
of the protein on the stationary phase. B measurements may 
also be directly obtained from k'. Tessier et al. (2002) recently 
published a quantitative relationship betWeen B and k': 
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Where BHS is the hard sphere contribution to the virial coef 
?cient, i.e. the protein excluded volume (calculated from the 
protein molecular Weight), 4) is the surface coverage of the 
immobilized protein (molecules/unit area), p is the available 
surface area, Which can be experimentally determined using 
the method of DePhillips and Lenhoff (2000), M is the 
molecular Weight, and N A is Avogadro’s number. Using this 
simple relation k' can be converted directly to B. 
[0055] SIC experiments circumvent the usual di?iculties 
encountered With SLS for B determinations. First, the tedious 
solution clari?cation procedures prerequisite for SLS are not 
required for SIC. A simple tabletop centrifugation step for the 
protein stock and the buffer/crystallizing agent solvent is 
suf?cient for SIC. Second, the quantity of protein required for 
a single determination of B by SIC can be as little as 37 ng 
(Garcia, et al., 2003b) compared to near mg quantities 
required for SLS. Third, at a How rate of 2 uL/min the protein 
eluted from the channel in ~7 minutes so that a single B 
measurement can be made in just a fraction of the time 
required for SLS. Fourth, the presence of detergent micelles 
in the mobile phase has no measurable effect on detection of 
the eluting protein so that estimation of B values by SIC for 
membrane proteins is straightforWard in comparison to the 
SLS approach. 

EXAMPLE 4 

[0056] The validity of the SIC method to determine B for 
equine serum albumin (ESA) Was evaluated as a function of 
the ammonium sulfate concentration in HAc/NaAc 0.1 M, pH 
5.6. To calculate k', the ESA retention time obtained at 1.4 M 
(NH4)2SO4 Was taken to be the value for tm (retention time, 
marker) because at these conditions the B value is very close 
to zero indicating no net protein-protein interactions. The 
data are plotted in FIG. 5 and compared With the SLS results 
(solid elements represent the k' values and open elements 
represent B values). A good correlation betWeen k' and B Was 
obtained. An increase in the crystallizing agent concentration 
enhances protein-protein interactions so that the B values 
becomes more negative and the corresponding t Rem (retention 
time, ESA) and k' values increase. As discussed above, While 
conventional SIC can accurately measure B, it requires sig 
ni?cant amounts of protein. The SIC method described herein 
can be used With signi?cantly less amounts of protein. 

EXAMPLE 5 

[0057] In one speci?c embodiment, a micro-?uidic device 
to determine B Was fabricated from polydimethylsiloxane 
(PDMS) With a channel dimensions of 50 mm L><250 um 
W><127 um H. The stationary phase consisted of the polypep 
tide of interest covalently linked to Toyopearl AF-Tresyl 
650M chromatography beads (Tosoh Biosep) Which Was loW 
pressure packed into the channel of the device. The mobile 
phase consisted of a buffer With an added crystallizing agent 
for the polypeptide of interest. Validating experiments Were 
performed With tWo proteins: (i) lysozyme With a mobile 
phase consisting of 0.1M sodium acetate buffer, pH 4.2 and 
sodium chloride as crystallizing agent; and (ii) equine serum 
albumin With a mobile phase consisting of 0.1 M sodium 
acetate buffer, pH 5.6 and ammonium sulfate as crystallizing 
agent. FIG. 6 shoWs a comparison of B values collected using 
the micro?uidics device (using SIC) as described herein With 
B values determined via SLS (using lysozyme as an example; 
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similar results Were obtained With ESA). The excellent cor 
relation betWeen these tWo data sets demonstrates the ability 
to accurately convert k' to B. 

EXAMPLE 6 

[0058] The potential of the a neural netWork to predict 
positive outcomes (i.e., a set of conditions that results in a 
crystallization event) is signi?cantly improved if an informa 
tion-rich phenomenological parameter, such as the B param 
eter, is used as an additional input for the predictive crystal 
lization function in addition to the empirical crystallization 
outcomes determined from the initial crystallization screen 
and/or as a method to validate the predicted positive and 
negative outcomes generated by the predictive crystallization 
function. To demonstrate the poWer of the B parameter to 
improve the ability of a predictive crystallization function to 
identify positive outcomes, the B parameter Was determined 
by SLS and applied to the predicted positive outcomes gen 
erated for ot-chymotrypsinogen protein in order to determine 
Whether the B parameter could identify false positive results 
in the predicted positive outcomes. 
[0059] In this example, the crystallization condition vari 
ables for the ot-chymotrypsinogen protein Were determined. 
The crystallization condition variables Were subject to an 
incomplete factorial screen to sample the entire crystalliza 
tion space in order to generate an initial crystallization screen 
containing 360 conditions as set forth in Example 1 and this 
disclosure. The initial crystallization screen Was performed as 
Would be knoWn to one of skill in the art. The independent 
(crystallization condition variables) and the dependent vari 
ables (crystallization outcomes and the B parameters) Were 
used to train a neural netWork as set forth in Example 2. The 
trained neural netWork then generated predicted positive out 
comes for the ot-chymotrypsinogen protein from the com 
plete crystallization space based on the results of the initial 
crystallization screen. FIG. 7 shoWs that the neural netWork 
generated 6 sets of conditions that Were predicted to result in 
a positive outcome (experiments 35, 45, 56, 67, 83 and 92). 
HoWever, When experiments Were performed using the crys 
tallization conditions for the 6 sets of conditions predicted to 
have positive outcomes, only 3 of these sets of conditions 
yielded positive outcomes (experiments 35, 45 and 56) While 
the remaining 3 sets of conditions yielded negative results 
(experiments 67, 83 and 92). Therefore the crystallization 
conditions embodied in experiments 67, 83 and 92 Were false 
positives and the crystallization conditions in experiments 35, 
45 and 56 Were true positives. 

[0060] The B parameter Was determined for the conditions 
of experiments 34, 54, 56, 67, 83 and 92. The determined B 
values Were then applied to the predicted positive outcomes 
generated by the neural netWork. As can be seen in FIG. 7, the 
neural networks true positive predictions fell Within the crys 
tallization slot as determined by the B parameter, While the 
false positives fell outside the crystallization slot for the B 
parameter. The corresponding table in FIG. 7 provides the 
predicted and actual (experimental) scores for each of the six 
predicted positive outcomes. Although the predicted scores 
for the false positives Were all above seven, the actual experi 
mental results for the false positives yielded no scores higher 
than one. Therefore, the B parameter correctly identi?ed the 
true positive results and identi?ed the false positive results 
With 100% accuracy. Other information-rich phenomeno 
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logical parameters such as, but not limited to, polydispersity, 
isoelectric point, amino acid content, may also improve the 
algorithm predictive ability. 
[0061] As demonstrated in Example 6, B is a powerful 
predictor of positive crystallization outcomes generated by a 
neural network. 

EXAMPLE 7 

[0062] In this example, the ability of the disclosed methods 
to predict the B parameter (second virial coe?icient) is 
reported. In this example, the initial screen consisted of 81 
experimental conditions, with condition variables including 
excipient/additive type and concentration, buffer type and 
pH, temperature, salt type and ionic strength and for mem 
brane proteins, detergent type and concentration plus addi 
tional additives such amphiphiles (i.e. heptane-triol, 1,2 hep 
tane-diol, etc.) The initial conditions were chose by an 
incomplete factorial screen as described herein. In this 
example, the purpose was to identify conditions for protein 
solubility and stability. The proteins may be membrane bound 
or soluble. 

[0063] As shown in FIG. 10, the neural network success 
fully predicted B values for a combination of the incomplete 
factorial screen variables. This example demonstrates that a 
neural network of the present disclosure that is trained on B 
values from an initial screen can accurately predict solution 
conditions in which the protein of interest exhibits high solu 
bility and stability indicated by more positive B values (which 
as discussed above are useful in preparing protein samples for 
future crystallization trials). Independent of the application to 
determining positive outcomes for crystallization, the ability 
to predict B parameters is helpful in determining conditions 
in which proteins of interest will be soluble and stable in a 
given solution. The rapid and accurate identi?cation of such 
conditions is of interest to developers of protein and polypep 
tide therapeutics where high concentrations or the protein/ 
polypeptide therapeutic are required, yet the protein sample 
must remain stable (i.e., long “shelf life”) without incurring 
unwanted nonspeci?c protein aggregation. 
[0064] In this example, the protein lysozyme was used to 
demonstrate the ability of the neural net to accurately predict 
B values both within and outside the de?ning limits of the 
experimental screen. SIC was performed on the eighty-one 
screen conditions with each condition measured in triplicate 
(for a total of 243 SIC measurements) using a high precision 
Shimadzu HPLC. The experimental data served as the train 
ing set and was used by the neural network in an iterative 
approach where the condition variables represented the inde 
pendent variables and the B values represented the dependent 
variables. The neural network randomly deletes 10% of the 
experiments from the training set, with the deleted experi 
ments being evaluated after training of the neural network 
with the training set. As discussed herein, the neural network 
evaluates its ability to predict B values for the removed data 
set and subsequently readjusts the weighting for each input 
and non-linear function in the array using back propagation as 
described herein. This process is iterated until the difference 
between the predicted and experimental values for the 
removed data set reaches a minimum. 
[0065] After training, the validity of the trained neural net 
work to predict conditions outside the eighty-one initial 
screen conditions was evaluated. As FIG. 10 shows, there is 
excellent correlation between the observed and predicted B 
values for twenty conditions randomly chosen and not in the 
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original screen. This result shows that the neural network of 
the present disclosure can rapidly and accurately predict B 
values for unknown experimental conditions, once it is 
trained as described herein. The value of combining this 
technology with the self interaction chromatography system 
is that, from a small number of screen conditions (determined 
by the incomplete factorial screen), a user is able to predict 
solutions (including its chemical components and their con 
centrations) that provide optimized stability and solubility for 
a polypeptide of interest. Such a method has not been appre 
ciated in the art and will be useful in protein expression 
research as well as for determining optimal formulations for 
the delivery of protein/polypeptide therapeutics, including 
but not limited, to vaccine therapeutics. 
[0066] However, in order to be useful for such applications, 
a high throughput method for determining B is required. 
Although the above discussed features of SIC make it ideally 
suited for use in determining B, a high throughput device for 
the e?icient determination of the B parameter has not been 
reported. The device described in the ’7 1 5 application was not 
suited for high throughput use as the device contained a single 
cavity (testing one sample at a time) and could not be reused 
with a different polypeptide of interest without destroying the 
device. A high throughput method for determining B values is 
therefore needed for determining multiple B values for use 
with predictive crystallization functions and/ or to validate the 
predicted positive and/ or negative outcomes of the predictive 
crystallization functions. For use in this manner, the B param 
eter for hundreds of conditions would need to be determined 
in a short time with minimal use of the polypeptide of interest. 
The following section describes an inventive high throughput 
device for determining the B parameter. 
[0067] Therefore, the present disclosure describes an 
improved process for determining crystallization conditions 
for a polypeptide of interest. In one embodiment, the crystal 
lization condition variables are selected for the polypeptide of 
interest. The crystallization conditions are selected based on 
the polypeptide of interest and such selection is within the 
ordinary skill of the art in the ?eld. The exact nature of the 
crystallization condition variables is not critical to the present 
disclosure and the methods of the present disclosure may be 
used with essentially any set of crystallization condition vari 
ables. 

[0068] After the crystallization condition variables are 
determined, an initial crystallization screen is prepared to 
sample the entire crystallization space de?ned by the crystal 
lization condition variables. In one embodiment, the initial 
crystallization screen is produced using an incomplete facto 
rial screen as described herein; in an alternate embodiment, 
the initial crystallization screen is pre-pared using a random 
screen. Other methods for producing the initial crystallization 
screen may be used as well. In one embodiment, the initial 
crystallization screen comprises at least 100 conditions, at 
least 250 conditions, or at least 500 conditions. In a speci?c 
embodiment, the initial crystallization screen comprises 360 
embodiments. 

[0069] Crystallization experiments are prepared using the 
conditions of the initial crystallizations screen. The outcomes 
of the crystallization experiments are noted. The outcomes of 
the crystallization experiments may be scored by any method 
known in the art or as described herein or may be used without 
scoring. The crystallization condition variables for each con 
dition are the independent variables and the outcomes of the 
crystallization experiments are the dependent variables. In 
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addition, the B parameter may be determined for each con 
dition of the initial crystallizations screen. When determined, 
the B parameter is also a dependent variable and may be used 
to train the neural network. 
[0070] The independent and dependent variables are input 
into a predictive crystallization function and used to train a 
predictive crystallization function as described herein. In one 
embodiment, the predictive crystallization function is a neu 
ral network. The trained predictive crystallization function 
then predicts both positive and negative outcomes for the 
remaining conditions in the crystallization space as de?ned 
by the crystallization condition variables. The positive out 
comes may then be further evaluated. In one embodiment, the 
B parameter is determined for each predicted positive out 
come generated by the predictive crystallization function. 
The B parameter may then be used to validate the predicted 
positive and negative outcomes as described in Example 6. In 
one embodiment, if the B parameter determined for a given 
positive predicted outcome falls outside of the crystallization 
slot, then the predicted positive outcome has a high probabil 
ity of being a false positive. 
[0071] In the above embodiment, the B parameter may be 
determined by any means available in the art. In an alternate 
embodiment, the B parameter is determined using a high 
throughput device as described in this speci?cation (see 
FIGS. 8-9). 

SIC Device 

Embodiments of SIC Chip Design 

[0072] The instrument described may be used to predict B 
in a high throughput manner in a short period of time With 
minimal amounts of the polypeptide of interest and may be 
used With soluble and membrane proteins. The randomization 
of the buffer constituents and their concentrations (the crys 
tallization condition variables) used in the incomplete facto 
rial screen combined With neural net predictions require that 
SIC measurements are performed on multiple protein/buffer 
solutions. In one embodiment, the device Will process pre 
mixed formulations of protein/buffer in a parallel design built 
around a common modular scheme. In an alternate embodi 

ment, the device Will utilize a premixing chamber to prepare 
the required buffer constituents for delivery. 
[0073] The device Will be able to make hundreds of B 
parameter determinations on the time frame of hours using a 
minimum amount of the polypeptide of interest. In one 
embodiment, the device is designed so that a retention time 
(tR) of the polypeptide of interest can be determined in less 
than 8 minutes, meaning that total run times Will be on the 
order of 12 minutes. Under these conditions, the B parameter 
for a typical 360 condition incomplete factorial screen could 
be determined in approximately 72 hours. The use of parallel 
determinations of B Would further reduce this time, as 
described beloW. 
[0074] In one embodiment, the device is designed so that 10 
or 20 B determinations can be made at one time, Which Would 
reduce the time required to make 360 B determinations to less 
than one day. A device designed to make 40 B determinations 
at one time Would reduce this time to less than 2 hours. 
[0075] FIG. 8 shoWs several embodiments of a device 
according to the present disclosure. In FIG. 8A the device 100 
is designed to make 10 B determinations at one time using 10 
distinct micro-?uidic modules 102. The micro?uidics mod 
ules 102 may constructed as described herein and comprise a 
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channel containing a solid support secured to the polypeptide 
of interest for SIC determinations of B. In this embodiment, 
the device 100 comprises a multi-barrel syringe pump 104 
Which loads each loads the polypeptide of interest in a pre 
determined buffer solution (comprising the mobile phase) 
from a loading reservoir 106 (Which may be a micro-titer 
plate or similar reservoir) through a transfer manifold 108. A 
single loading reservoir is used to shorten the ?uid path (re 
ducing dead volume) and add the ?exibility of using tWo 
multi-barrel syringe pumps to reduce the starting pressure on 
the ?uid lines to the chip. A three-Way valve 110 at each 
syringe port on the transfer manifold directs each screen into 
the syringe through 5 parallel channels 112; a signal sWitches 
the valve(s) to inject the mobile phase into the micro-?uidic 
device through 10 parallel lines (Pl-P10). Individual pressure 
sensors at the transfer manifold outlets monitor each line for 
an over pressure condition and shuts off the syringe pump if 
this occurs. The screen enters each micro-?uidic device 102 
containing the polypeptide of interest secured to the solid 
support and the output is monitored With a detector 114, such 
as, but not limited to, a CCD measuring the ?uorescence 
intensity in each channel. In one embodiment each micro?u 
idics device has a dedicated detector 114. The mobile phase 
containing the polypeptide of interest may be collected in a 
Waste reservoir 116 Where the polypeptide of interest may be 
recovered if desired. 

[0076] FIG. 8B illustrates an alternative embodiment of the 
device, designated 200. In this device, tWo of the device 100 
are placed in a parallel con?guration and can for use deter 
mining 20 B determinations at one time. The device 200 
operates as described above for device 100. The modular 
packaging alloWs the expansion of SIC capability to expand 
the number of B determinations as desired by the user. The 
20-screen chip Will operate essentially as described above. 
[0077] FIGS. 9A-C describe a particular embodiment of 
the micro?uidics module (designated generically as 102 and 
202 above). As shoWn in FIGS. 9A and 9B, the micro-?uidic 
module-1 comprises a casing 2, the interior of Which de?nes 
multiple channels 18 in its interior. In the embodiment illus 
trated, casing 2 is shoWn as comprising 2 halves, 2A and 2B, 
Which can be reversible mated together to form the ?nal 
casing 2. The module 1 further comprises a manifold 4 mated 
to the casing 2 Which directs the buffer ?oW channels 8 into 
the channels 18, multiple detector channels 10, a Waste chan 
nel 12, a multi-injection valve 6, and at least one delivery 
means (14). 
[0078] FIG. 9B, depicts the micro-?uidic module 1 With the 
casing 2 separated into its mated parts 2A and 2B With align 
ment tabs and holes 20A and 20B respectively. As can be seen 
in FIG. 9B, the channels 18 comprise a ?rst channel portion 
18A and a second channel portion 18B. The ?rst channel 
portion 18A is Wider than the second channel portion 18B and 
forms a neck 18C Where the ?rst channel portion 18A and the 
second channel portion 18B meet. The neck 18C serves to 
restrain the immobile phase secured to the polypeptide of 
interest from passing through channel 18. In one embodiment 
the Width of the ?rst channel portion 18A is from 1000 to 
4000 microns and the Width of the second channel portion 
18B is from about 25 to 100 microns. In a speci?c embodi 
ment, the Width of the ?rst channel portion 18A is 2000 
microns and the Width of the second channel portion 18B is 50 
microns. The length of channel 18 may be from about 6 to 12 
cm. The length of the channel 18 may be selected to provide 
consistent retention times (tR) for the polypeptide of interest 










